The super efficiency DEA model and panel Tobit model were used in this study to conduct empirical research on innovation performance and its influencing factors in expansive companies based on patent and annual report data for A-shares, dilated listed companies in China from 2009 to 2015. Our results suggest that innovation performance in Chinese listed companies is generally stagnating at a low level, but scores for computer, communications equipment, electrical machinery, chemical, and pharmaceutical industries are high. There are significant differences in innovation performance between internal and external expansion companies. The internal expansion scale shows a significant negative correlation with innovation performance, while there is a "U" shaped nonlinear relationship between external expansion and innovation performance; the turning point appears when the external expansion scale is 0.2, that is, it is significantly negative to innovation performance below 0.2 (and vice versa). Firm age, firm size, executive pay, average age of executives, and depreciation have a negative impact on innovation performance, while equity concentration, capital intensity, and financial leverage have a positive impact on innovation performance.
INTRODUCTION
Modern China's economic structural contradictions are intertwined, downward pressure has increased, and economic development has entered a stage referred to as the "new normal". The engine of development has transformed from the traditional factor-driven to innovation-driven, and the government has begun to vigorously promote so-called "supply-side reform"; the primary goal of such reform is improving productivity through industrial restructuring. The demand for structural adjustments and upgrades must be met through innovation (Liu et al., 2015; Li and Zheng, 2016) . To cope with downward pressure on the economy and the impact of technological innovation, more traditional enterprises have sought to enhance their capacity for innovation and to fit better into the transition process by increasing internal investment, mergers and acquisitions, or other forms of expansion in the capital market. Domestic listed company investment has boomed in recent years. M&A activities have supported rapid expansion both at home and abroad, and the amount of M&A is increasing yearly ( Table 1) .
There are three main questions enterprises must answer in seeking to enhance their innovation ability. First, how does expansion itself impact innovation performance? Second, how does the expansion scale affect innovation performance? Third, what are the specific factors influencing innovation performance? These problems merit theoretical and empirical analysis, particularly for Chinese expansive companies as they attempt to secure innovation ability, transformation, and development in the supply-side reform context. There have been few studies to date on the innovation performance and influencing factors of Chinese expansive listed companies, however (Li and Chi, 2016; Zhu et al., 2016) .
The goal of this study was to construct a super-efficiency DEA model for Chinese expansive listed companies, as well as to measure and compare the innovation performance of companies undergoing internal expansion and external expansion. The factors influencing innovation performance were determined, then their respective effects were explored via Tobit panel regression. The empirical results are then translated into workable solutions for improving innovation performance.
LITERATURE REVIEW
Since the study of Aghion et al. (1994) , many scholars have explored the innovation performance of expanding enterprises. Expansion is a dynamic development process through which an enterprise grows from small to large as its competitiveness grows from weak to strong, and its management system and organizational structure grow from primary to advanced. Enterprise expansion can be internal or external; internal expansion mainly relates to self-investment, while external expansion occurs mainly in the form of corporate mergers and acquisitions (Karim and Mitchell, 2004; Jiang et al., 2009; Ye and Wang, 2013) .
In recent years, the innovation performance and influencing factors of expansion in Chinese listed companies has been researched extensively. Jiang, for example, found that Chinese listed companies mainly engage in selfinvestment to expand; total investment and self-investment showed a significant positive correlation, but there was no significant relationship observed between total investment and M&A expansion (Ye and Wang, 2013; Jiang et al., 2008) . Board activity, equity concentration, amount of free cash flow, and firm size are the main factors influencing expansion. Wen suggested that technology mergers and acquisitions can enhance innovation performance, but non-technology mergers and acquisitions has no such effect (Wen and Liu, 2011) . Tang and Hu et al. found that listed companies in the Chinese pharmaceutical industry can improve their innovation performance by focusing on R&D investment or technology mergers and acquisitions, but that these approaches may not be optimal (Tang and Wu, 2014; Hu and Wu, 2015) . Compared to large enterprises and state-owned enterprises, the synergistic effect mainly exists in small enterprises and private enterprises. Li et al. found that noninvention patent applications increase significantly as companies selected by industrial policies seek government subsidies and tax incentives; selective industrial policy encourages enterprises to make innovations so as to gain support from the government (Li and Zheng, 2016) .
There is still controversy among researchers over the innovation performance and influencing factors of Chinese expansive listed companies. There is no consensus regarding measurements of innovation performance, for instance, among output, input, and multi-dimension aspects. Output-based performance measurement generally involves the number and quality of patents (Griliches, 1986; Acharya and Subramanian, 2007; Chava et al., 2013) .
Contribution of this paper to the literature
• This paper uses the super-efficient DEA model to measure the innovation performance of enterprises, proposes that comparing two expansion methods from the perspective of innovative performance, and provides a reference for expansive enterprises.
• Instead of the discrete dummy variable, this paper chooses the continuous variable of the expansion scale, and further analyzes the mechanism of the internal and external expansion scale on the innovation performance.
• Considering the heterogeneity of enterprises, this paper studies the impact of enterprise characteristics on the innovation performance in the Shanghai and Shenzhen listed companies (including low-tech companies), and puts forward the adjustment objectives of the corporate governance structure.
• The blind expansion can actually hinder the company's innovation performance owing to the negative correlation between internal expansion and innovation performance.
• As the company expands externally (via mergers and acquisitions), the "U" shaped relationship between the scale of external expansion and innovation performance suggests that the scale of expansion should be restricted and that free cash flow should be kept to a minimum.
• In the early days of its establishment, the company should take advantage of financial leverage to build extensive financing, which mostly for investment in R&D innovation projects. However, it is unrealistic to apply in China due to the lack of any patent citation database. Input-based measurement mainly uses the absolute indicators of R&D including technical staff, labor force, and fixed asset investment (Zhu et al., 2016; Hagedoorn and Cloodt, 2003; Mao et al., 2013; Tsai and Lei, 2016) and relative indicators like R&D investment intensity, which is generally adjusted with total assets or operating income (Liu et al., 2015; Deng et al., 2006; d'Artis et al., 2016) . Multi-dimensional measurement is a more comprehensive description than single indicators of innovative performance, but is not particularly efficient (Hagedoorn and Cloodt, 2003; Romijn and Albaladejo, 2002; Chen and Liu, 2011 ). The precise impact of enterprise expansion on innovation performance is also somewhat controversial. Bena and Hu found that corporate external expansion is positively correlated with innovation performance (Hu and Wu, 2015; Bena and Li, 2014; Gunawan and Shieh, 2016) , but others have found that the relationship between external expansion and innovation performance is more complex (Li and Zheng, 2016; Valentini, 2012; Seru, 2014) .
There have been few studies on the impact of internal expansion on innovation activities. There have been a few studies on internal and external expansion to use discrete dummy variables to distinguish whether mergers or self-investment are appropriate, but these studies did not consider the impact of continuous expansion on innovation performance. Analyzing innovation performance and influencing factors under internal and external expansion is necessary to determine the related mechanisms in a systematic and comprehensive manner. We ultimately obtained 5,221 observations of 1,126 companies. The samples were divided into 617 nonexpansive samples, 4,604 expansive samples (4,147 for internal investment and 457 for mergers and acquisitions). The research and development, patent, mergers and acquisitions data, and financial indicators discussed here were taken from the CCER database, the CSMAR database, and the Wind database.
DATA AND INNOVATION PERFORMANCE

Data
Innovation Performance
Innovation performance measurement model
We used the super-efficiency DEA model to construct the innovation performance of the expansive listed companies (Li and Chi, 2016; Odeck and Brathen, 2012; Sueyoshi and Goto, 2013 Xiong et al., 2012) . The superefficiency DEA model is calculated as shown in Eqs. (1) and (2), where and are the input and output of the nth decision-making unit (DMU), and and are the calculated input and output weights. The final maximum value of is the DEA efficiency score of the ℎ decision unit.
,
Input indicators
Input indicators are generally defined as human capital investment and material capital investment. Most listed companies have two indicators of human capital investment: Numbers of personnel classified by education, and numbers of technical staff classified by their functional departments. Education data was generally lacking in our dataset, so we used a logarithm of the number of technical personnel as the human capital indicator. Because innovation and R&D activities are a process of knowledge accumulation and knowledge production, their output is related to both previous and current R&D expenditure. Similar to Cameron and Zhu, we take R&D capital stock as a material capital investment indicator to measure innovation performance (Zhu et al., 2016; Cameron et al., 2005; Chen et al., 2017 ):
where is R&D expenditure stock, is the current R&D expenditure, depreciation rate is determined to be 15%, and is 0.5. The expenditure price index is first constructed according to Eq. (4), then R&D expenditure is converted in different periods into a constant price. EPI, RMPI, and IFAPI respectively represent R&D expenditures, the price index of raw material purchases, and the fixed asset investment price index. Eq. (3) is then used to obtain the capital stock of R&D, and Eq. (5) to determine the capital stock in the base period. Here, we use 2009 as the reference year; is the R&D expenditure arithmetic average growth rate for each sample. Finally, the R&D expenditure of the base year calculated from the first two steps and the R&D expenditure adjusted by the price index are substituted into Eq. (3), then the current capital stock value of R&D is obtained and its logarithm is taken as the input index.
Output indicators
Based on previous studies by Becker, Tong, and Li, we divided innovation output into patent output and other output (Li and Zheng, 2016; Becker-Blease, 2011; Tong et al., 2014) . The number of patent applications can be used to measure innovative output, with the patent application year as the company's year of innovation production. Due to the uncertainties and instabilities in patent grants, which are subject to annual fees, we did not use the number of patent licenses (Tan et al., 2014) ; using solely patent output as an indicator is limiting, so we also selected the most widely used business performance measurement indicator (ROE) to ensure comprehensive analysis. As the patent data was right-skewed, the PA variables were 1% and 99% percentile Winsorized and added to 1 to obtain a natural logarithm. Table 2 shows that the mean of technical personnel is 5.62, the mean of R&D capital stock is 17.06, and the corresponding standard deviation is relatively small; the mean of patent applications is 2.56, the standard deviation is 1.15, and ROE is 8.15 corresponding to a standard deviation of 8.18, which indicates that this index of data fluctuates within a wider range.
Measurement and Analysis of Innovation Performance of Listed Companies
Overview of listed companies' innovation performance
During 2009-2014, the average innovation performance of the whole sample was 0.667, which is far lower than that of the effective situation. (The efficiency score equals 1.) Figure 1 shows that the industries with the highest efficiency are leasing and service (L), followed by the farming industry (including agriculture, forestry, animal husbandry, and fishery) (A). The average efficiency of these industries for six years was 0.79 and 0.75, respectively. The lowest average innovation efficiency was within the wholesale and retail industry (F), with a score of only 0.51. Figure 2 , there was not much difference among the mean of innovation performance in six major industries, all of which decreased with time ( Figure 2 ). Among them, innovation performance decreased more rapidly in 2010 than other years while decreasing more subtly in 2011-2014.
As shown in
We selected another sample with innovation performance greater than or equal to 1 to further explore these results. There were 124 effective DMUs conforming to the condition, involving nine industries. The top seven effective DMUs were from the manufacturing sector, which contains 109 of the listed companies we examined comprising 87.9% of the total number of effective DMUs. In the manufacturing sector, the computer, communications, and other electronic equipment manufacturing industry has 16 listed companies performing efficiently. According to the National Bureau of Statistics directory, "high-tech industries" include computer, communications electronic equipment, electrical machinery manufacturing, chemical, and pharmaceutical companies. It is reasonable to expect that these companies also have a high level of innovation performance efficiency.
Enterprise-level innovative performance in internal expansion and external expansion
We calculated the scale of internal expansion using the same method as Richardson and Jiang. The cash paid for the construction of fixed assets (the net cash recovered from the sale of fixed assets, intangible assets, etc.) was divided by the total assets at the beginning of the year; if the company's internal expansion scale was greater than 0, it was classified as an internally expanding enterprise. External expansion was calculated as the total amount of M&A divided by the total assets at the beginning of the year; we deleted the samples from M&A with related companies or where M&A failed (Jiang et al., 2008; Richardson, 2006) . If a year with the company saw several M&As, the amount of its M&A (the buyer's payment) was summed as the external expansion of that year. When the company's external expansion scale was greater than 0, it was classified as an externally expanding enterprise.
After classification per the above conditions, we obtained 4,147 observations of internal expansion and 457 observations of external expansion. As shown in Figure 3 , the lines of internal expansion and external expansion in 2009-2014 were significantly different. In 2008-2011, the mean innovation performance of internal expansion was higher than that of external expansion, but after 2012, the opposite was true. The T-test results for innovation performance (Score) also differed significantly (Table 3) .
EMPIRICAL STUDY
First of all, this paper makes descriptive analysis of each variable, and investigates the correlations between variables to avoid multicollinearity's disturbance. Then, we use panel Tobit model to carry out empirical analysis, and explore the influencing mechanism of the expansion scale and other influencing factors on the innovation performance of the listed companies with different samples.
Variables
There are many factors that affect the innovation performance of listed companies, but have not formed a complete index system yet. Based on the previous literature and theory, this paper chooses a lot of factors such as firm size and age, equity balance, manager background, industry characteristics, organizational redundancy and cash flow. The concrete definitions of the relevant variables in this paper are shown in Table 4 .
Methodology
Most of the innovative performance scores obtained from the super-efficient DEA model fell between 0 and 1. Only a small number reached the effective frontier of scores greater than 1, with a lower limit. Although the superefficiency DEA model does not contain , lower limit still exists, so that the innovative performance scores obey censored distribution. If the traditional least squares regression model is used for regression analysis, the parameter estimation will be biased and inconsistent. The Tobit model following the maximum likelihood method Internal expansion External expansion is a better choice for estimating the regression coefficient, so we selected it here. We also investigated panel fixation and random effects, as discussed below.
The Tobit regression dependent variable model is formulated as follows:
= 0,
Its more general form is:
where is the innovation performance score of listed companies, the lower limit is 0, and is 1 in the DEA model but does not exist in the super-efficiency DEA model, as there is no upper limit to innovation performance. Firstly, (model-1) was constructed with the innovation performance score as the dependent variable and the internal expansion scale (IES), enterprise age (FA), enterprise size (FS), equity concentration (OC), independent board size (SID), executive salary (ES), executive age (EA), capital intensity (CI), cost income ratio (CIR), free cash flow (FCF), total asset turnover (TAT), depreciation (DEP), financial leverage, and industry as independent variables:
) IES was replaced by EES as well as enterprise age, firm size, ownership concentration, the size of the independent board, executive pay, executive age, capital intensity, cost income ratio, free cash flow, total asset turnover, depreciation, financial leverage, and industry as independent variables to establish (model-2): 
) Finally, considering the inconsistency of the conclusions to the impact of the external expansion scale on innovation performance, we added the square of the external expansion scale to (model-3) to explore its non-linear relationship to innovation performance:
All the independent variables were lagged 1 period. Among them, scoreit represents the innovation performance score; β 0 is the constant, β ( = 1,2, . . . ,12) for each variable regression coefficient, i is the order for firm i ( = 1,2, . . . ,1126), represents the period = 1,2, . . . ,6, and ε is the residual.
Empirical Results
Descriptive statistics of variables
We deleted the missing samples among 4,604 expansion companies and reserved 4,240 observations for analysis, among which 3,783 were from internal expansion enterprises and 457 were from external expansion enterprises. The statistics for each sample are shown in Table 5 and Table 6 . Table 5 provides descriptive statistics of expansive enterprise variables. The mean of IES in the sample is 0.0795, and its median is 0.0533, indicating that more than half of the internal expansion of the enterprise has occurred below the 1% level; only a few enterprises have carried out large-scale internal expansion. The mean EES is 0.0187, and the minimum value is 0.000, corresponding to a sample with no external expansion; FA ranges from 1 year to 35 years with a mean of about 14.1 years. The mean of the firm size logarithm is 21.423; the size of the independent directors varies from 2 to 11 with the mean of 4.04 and a median of 3, indicating little difference in the values of these indicators. Most of the variables are around 3-5. EA ranges from 40 to 55 years old with only slight fluctuations. Table 6 provides descriptive statistics of internal and external expansion enterprise variables. The mean innovation performance score of external expansion enterprises is 0.664, which is less than 0.685 of internal expansion enterprises. Due to the significant differences between the two types of samples, they were respectively regressed. For the other variables of both sample groups, the mean of the external expansion FA is 14.7 years is greater than 14.1 years of the internal expansion enterprises, with a corresponding minimum of 5 years.
Enterprises generally need to grow for some time to achieve external expansion. In enterprises undergoing external expansion, CIR appeared to be slightly higher than that of internal expansion enterprises. This is because enterprises need to integrate resources after M&A that expend more energy, resulting in increased management costs. The mean cash flow of the two sub-samples also differs: The internal expansion enterprise's FCF mean is -0.0443, indicating less available idle funds, while the mean FCF of the external expansion enterprise is 0.0951. These Table 7 shows the results of multiple regressions, where columns (1) On the basis of (model-1), the regression coefficient of IES on innovation performance is significantly negative (-0.035), indicating that a larger internal expansion scale is less beneficial to the innovation performance of the enterprise. Many studies have found that Chinese listed companies have low efficiency in investing in fixed assets. These inefficiencies, to some extent, also inhibit the improvement of corporate innovation performance. The panel fixation effect results also show a negative coefficient of internal expansion scale (-0.0541), which suggests that the negative effect is relatively stable.
Multiple regression analysis
FA and FS had a negative impact on the internal expansion enterprise's innovative performance (-0.0066 and -0.041), which makes sense as newly established, smaller enterprises are often able to flexibly overcome organizational inertia, have more urgent desire to secure technological innovations, and can more readily obtain major technological breakthroughs. On the one hand, the regression coefficient of the top 10 shareholders' shareholding ratio (OC) is significantly positive (0.0747), indicating that the higher concentration of ownership does reduce the agency problem caused by the separation of powers, which will help improve the innovation efficiency of the company. In terms of executive background, the coefficients of executives' salaries and mean age are significantly negative (-0.0017 and -0.0284), indicating that high pay is more likely to lead to inertia in older executives while younger executives may be more willing to try innovative projects.
The coefficient CI is significantly positive (0.0272), which suggests that greater the capital intensity enhances innovation performance. The coefficient of CIR is significantly negative (-0.317), which means that enterprises with low management performance have limited creative ability. In the internal expansion sample, the impact of FCF on innovation performance is not significant; conversely, the coefficient is negative in the external expansion regression, indicating greater cash flow through these companies; more available idle funds mean more investment opportunities, but not necessarily more investment in innovation. We observed a negative correlation between free cash flow and innovation performance in the external expansion sample.
The asset-liability ratio is significantly positive across all three models. Numerous studies have found that companies use debt financing to improve their financial leverage and reduce conflicts of interest between managers and shareholders.
In (model-2), the regression coefficients EES are positive but not significant. There is no consensus regarding the impact of external expansion on the performance of corporate innovation, so we built (model-3) by adding the square0020of external expansion scale to test whether there is a nonlinear relationship between the external expansion EES and innovation performance (score). The (model-3) results show positive square coefficients of the external expansion scale (0.596), while the original non-significant primary is significantly negative (-0.246), indicating that there is a "U" shaped relationship between the external expansion scale and the innovation performance of the listed companies. In other words, there is negative correlation when the external expansion occurs on a smaller scale. When the external expansion scale reaches 0.2063 1 , there is a positive correlation.
As shown in Table 6 , the mean and the median of the external expansion scale in the external expansion sample are 0.1482 and 0.0942, respectively, indicating that most of the enterprises we sampled did not reach the turning point. The effect of external expansion on the innovation performance of the listed companies is negative, which is consistent with the mean of innovation performance (0.665) of the internal expansion sample being lower than the that of the non-expanding sample (0.683) ( Table 6 ).
We also found no difference between the coefficients, size, and significance of the other factors in the regression between the sample groups. Apart from the differences in FCF coefficients mentioned above, we also observed a significant negative correlation between FA and the innovation performance in the internal expansion sample, but not in the external expansion sample. Columns (5) and (6) also show where firm age has no significant effect on external expansion enterprise innovation performance. 1 The quadratic function vertex coordinate formula is -b / 2a = 0.246 / (2 * 0.596) = 0.2063. (1) *** Indicates statistical significance at the 0.01 level; ** Indicates statistical significance at the 0.05 level. * Indicates statistical significance at the 0.10 level; (2) Brackets for t-value or z-value;
Robustness Test of Panel Data Model
We performed a robustness test to determine the reliability of the regression results. We first replaced the output variables, then performed another regression analysis of the whole expansion sample.
Replacing output variables for regression analysis
The preceding output variables are the number of patent applications and ROE. Theoretically, the output of innovation should include patent output as well as other kinds of outputs, but there are many factors that can affect ROE. We deleted the ROE to verify the robustness of the results presented above, and only used the number of patent applications as output variables to re-calculate the innovation performance score by means of the superefficiency DEA model. As reported in Table 8 and Table 9 , the results were basically the same; in effect, the mean and variance of the innovation performance of internal expansion and external expansion enterprises do significantly differ, and our sample classification is meaningful.
The robustness test results are provided in Table 10 . Corresponding to Table 7 , columns (1)- (3) Table 7 ), and EES is -0.254 (-0.246 , Table 7) , with a turning point of 0.2088 (0.2063, Table 7 ). Furthermore, the coefficients and symbols of other influencing factors are mostly consistent with the previous results, but with some notable differences. For example, the company age coefficient in the sample of the internal expansion was significantly negative, while in the in the sample of external expansion was not significant at all. Also, from (4)-(6), it can be inferred that panel fixation effect and the panel random effect are also consistent with the previous results. 
Extended whole sample regression analysis
As discussed above, we selected 3,783 internal extended samples and 457 external extended samples for analysis. We only used extended-listed companies in the sample data, so we were able to compare the internal expansion and external expansion samples while ignoring other factors in the non-expansion sample of listed companies. We next used a full sample of 4,827 observations to test the impact of expansion with (model-4), (model-5), and (model-6): We set dummy variables (d1: internal expansion, d2: external expansion) to indicate internal expansion versus external expansion, and added interactive items of the expansion scale specification (d1in, d2ex, and D2ex2) to explore the impact of the expansion specification on innovation performance. The description of the new variables is shown in Table 11 .
Firstly, (model-4) uses two dummy variables as regression agent variables for regression, resulting in the first column of Table 12 . The internal expansion (d1) and external expansion (d2) dummy variable coefficients are significantly negative (-0.0144 and -0.0173), indicating that neither expansion method is conducive to innovation performance in the whole sample. The coefficient of FA is also significantly negative.
To further explore the effect of expansion scale on innovation performance, we added the expansion scale interactive item to (model-4) to create (model-5). As shown in the second column in Table 12 , the coefficient of internal expansion scale (d1IES) is significantly negative (-0.0392) and EES has no significant correlation with innovation performance. These conclusions are consistent with the results discussed above.
Next, in order to explore the nonlinear relationship between external expansion scale and innovation performance, the square of external expansion scale (d2EES 2 ) was introduced to (model-5). In the third column of Table 12 , the coefficient of d2EES 2 is significantly positive (0.644) and the coefficients of the linear term, though non-significant in (model-5), are significantly negative (i.e., are closer to our previous conclusions). The coefficient and size of the other factors are also similar to the previous conclusions.
Finally, for comparison, the regression results of the panel fixation model are reported in columns (4)-(6) of Table 12 . Except for the coefficient of the sum of OC and FCF, which become non-significant, the coefficients of the other variables are basically consistent with that of the panel Tobit regression model. In summary, the robustness test results did not significantly change the conclusions discussed in Section 4; the results presented here are reasonably stable. 
CONCLUSION
This paper is based on China's A-share dilated patent data for listed companies from 2009 to 2015 and annual report data. By employing the super-efficiency DEA model and panel Tobit model, we conducted empirical research on innovation performance and its influencing factors for companies in different modes of expansion; our goal was to provide empirical evidence to support listed companies in the process of transformation and upgrading. Our findings can be summarized as follows.
The general innovation performance of Chinese listed companies is at a low level, but the computer, communications equipment, electrical machinery, chemical, and pharmaceutical industries exhibit quite high innovation performance. There are significant differences in innovation performance between internal and external expansion companies, as well. Internal expansion and innovation performance is significantly negative, while external expansion results in a "U" shaped relationship between scale and innovation performance with a turning point at scale of 0.2. In other words, when the external expansion scale is less than 0.2, innovation performance is negative; it is positive when the external expansion scale is greater than 0.2.
In our regression of factors affecting innovation performance, company age was significantly negative with innovation performance only in the internal expansion sample; it was not significant in the external expansion sample. When company is young, its innovation performance is more sensitive to the age of the company. Firm age has less impact on innovation performance as it increases. Free cash flow was not significant with innovation performance in the internal expansion sample, but was significantly negative in the external expansion sample. The company size, executive compensation, executive average age. and depreciation and innovation performance was significantly negative. Ownership concentration, capital intensity, and significant financial leverage coefficient were positive; independent director dimensions and total asset turnover appeared to exert no significant impact on innovation performance.
The results of this paper come with a few implications. First, that blind expansion can actually hinder the company's innovation performance owing to the negative correlation between internal expansion and innovation performance. As the company expands externally (via mergers and acquisitions), the "U" shaped relationship between the scale of external expansion and innovation performance suggests that the scale of expansion should be restricted and that free cash flow should be kept to a minimum. In the early days of its establishment, the company should take advantage of financial leverage to build extensive financing, which mostly for investment in R&D innovation projects.
We also found that independent directors did not play a significant role in improving innovation performance. New independent directors are typically paid higher salaries, as well; the company could instead use these funds to encourage younger, already entrenched executives to carry out more research and development activities. 
